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Abstract Brain tumors detection is crucial for clinical diagnosis and efficient
therapy. In this work, we propose a hybrid approach for brain tumor clas-
sification based both on fractal geometry features and deep learning. In our
proposed framework, we adopt the concept of fractal geometry to generate a
”percolation” image with the aim of highlighting important spatial proper-
ties in brain images. Then both the original and the percolation images are
provided as input to a convolutional neural network to detect the tumor. Ex-
tensive experiments, carried out on a well-known benchmark dataset, indicate
that using percolation images can help the system perform better.
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Naves de Ávila, 2121, Bl.B, 38400-902, Uberlândia, MG, Brazil.
E-mail: marcelo.zanchetta@gmail.com



2 Alessandra Lumini et al.

1 Introduction

The diagnosis, prognosis, and therapy of tumors all benefit from the automatic
segmentation and categorization of medical pictures. Since brain tumor cancer
is one of the fatal and most growing diseases, early detection of brain tumors
allows a quicker response to therapy, which raises the survival percentage of
patients. According to the WHO Classification of Tumors of the Central Ner-
vous System (CNS) [1], CNS tumors can be classified into biologically and
molecularly defined groups with characterize natural histories and distinguish
tumor types and subtypes, with the goal of a better understanding of prog-
nosis and optimal therapy for patients with specific CNS tumors. The most
diffused types of brain tumor according to [2] are three: meningiomas, gliomas
and pituitary. Meningiomas are benign tumor that originate from the thin
membranes that surround the brain and spinal cord, specifically, from the cap
cells of the arachnoid layer; anyway, grade III meningiomas, albeit rare, can
be very aggressive, behaving like cancer. Gliomas are diffuse tumors that grow
within the substance of the brain, they are quite aggressive, but if taken in
the grade I can be cured by means of surgery. Pituitary adenomas arise from
the pituitary gland, a gland in the skull base, which sometimes can involve the
brain. The classification of brain tumors is carried out using several medical
imaging techniques, anyway magnetic resonance imaging (MRI) is the most
used technique to acquire information about tumors (tumor type, shape, size,
location, etc.), necessary for their diagnosis. In MRI, pituitary adenomas and
meningiomas appear as uniform intensities, while glioma tumor spreads over
the glial cells of the brain and exhibits varying intensities. The location, shape,
and size of these tumors, among other characteristics, differ from one tumor
to another. Since manual segmentation and classification of brain tumors in
a huge collection of medical images takes a lot of time and effort due to the
large amount of information contained in each image, it is desired and useful
to implement an automated detection and classification method for this task
[3]. Two different problems can be addressed: (i) brain tumor segmentation
(BTS) consists in differentiating tumor tissues from healthy ones, i.e. as a
2-class classification problem at a pixel-level, (ii) brain tumor classification
(BTC) consists in classify a whole image according to the above cited tax-
onomy. Computer vision-based biomedical imaging technology has attracted
more and more interest because it provides radiologists with recognition infor-
mation for more effective treatment: the recent developments in deep neural
network modeling have provided novel methods for the study, segmentation,
and classification of brain malignancies [4, 5].

In recent years, numerous methods have been suggested for classifying or
segmenting brain tumors in MRI. Published studies have evolved from using
classical machine learning [6–9], where the classification pipeline includes a
preprocessing stage designed for feature extraction and a classification stage,
to the latest deep learning techniques, designed to enable computers to discover
the features that best represent the data [10–20].
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Among classical machine learning approaches, Sachdeva et al.[6] proposed
a semi-automatic segmentation system which extracts 71 features using the
intensity profile, the co-occurrence matrix, and Gabor functions; such features
are coupled with standard classifiers: support vector machines (SVM) and ar-
tificial neural networks (ANN). Analogously, in [7] an approach for classifying
brain tumors that utilized 10 characteristics and a back propagation network
as the classifier is proposed, and in [8] fractal wavelet features are used with a
self organizing map (SOM) classifier. Cheng et al. [9] extracted intensity his-
togram, gray-level co-occurrence matrix (GLCM), and bag-of-words (BoW)
model-based features coupled with SVM classifier.

The advent of deep learning (DL) had profound influence on the design of
medical imaging systems, and most recent research on brain tumors detection
and classification is based on convolutional neural networks (CNN) and fully
convolutional networks (FCN). DL methods have gained increasing amounts
of attention due to their outstanding performance in many image classification
tasks. However, using CNNs in the realm of medical imaging is difficult, due
to the limited amount of data available for training which may lead the system
to overfitting. A feasible solution consists in transfer-learning (TL), i.e. using
DL models pre-trained on a large dataset and transfer learned knowledge to
the target (small) dataset.

Several works in the recent literature have proposed transfer learning for
brain tumor classification: the authors of [10] carried out extensive experiments
comparing nine pre-trained DL models (InceptionResnetv2, Inceptionv3, Xcep-
tion, Resnet18, Resnet50, Resnet101, Shufflenet, Densenet201 and Mobilenetv2)
finding that InceptionResnetv2 outperforms the other DL models on Figshare
[21] and Kaggle [22] datasets. While other models have been shown to work
better in a clinic scenario [19]. Similarly, other authors [4][11] designed ap-
proaches for brain tumor classification using TL. Badža and Barjaktarovi [12]
introduced a novel CNN architecture based on the modification of an exist-
ing pre-trained network: the proposed model showed a good generalization
capability and good execution speed. Mzough et al.[13] proposed a 3D CNN
model for glioma brain tumor categorization into 2 classes (low-grade and
high-grade glioma): they suggested the use of a pre-processing strategy based
on intensity normalization and adaptive contrast enhancement to overcome
the data heterogeneity and studied the impact of the pre-processing and data
augmentation on classification accuracy. Dı́az-Pernas et al.[14] presented a
fully automatic system for both tumor segmentation and classification: their
model, a Deep Convolutional Neural Network that includes a multiscale ap-
proach, processed the images in three spatial scales along different processing
pathways. An ad-hoc model for three-class brain tumor classification is pro-
posed in [15], where a deep dense inception residual network is designed by
customizing the output layer of InceptionResnetv2 with a deep dense network
and a softmax layer. Another ad-hoc architecture is presented in [5] where
a variant of EfficientNet is proposed with dense and drop-out layers added.
Moreover data augmentation and min-max normalization is adopted to in-
crease the contrast of tumor cells. The authors of [16] presented a multi-level
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attention mechanism network (MANet) which incorporates both spatial and
cross-channel attention. A hybrid deep convolution neural network and deep
watershed auto-encoder (CNN-DWA) model is proposed in [17] for tumor de-
tection and segmentation. One problem of existing approaches is adaptability
to different MRI machine: in order to improve flexibility, Alanazi et al. [18] sug-
gested using a transfer-learning model strategy to categorize brain MRI data
first in two classes (tumor/no tumor) then into the three tumor subclasses.
Russo et al. [20] proposed a method based on a preprocessing phase for deal-
ing with the problem of the lack of data standardization to adjust for different
CNN models and MR machines. They dealt with tumor segmentation problem
and showed the advantage of transforming input data using 3D spherical coor-
dinates over the Cartesian-input trained model. In summary, as observed from
the above research studies, the classification performance with DL approaches
for brain MRI classification is significantly higher than with traditional ML
techniques. However, traditional handcrafted features, which do not require
a massive amount of data for training, can help solve this hard classification
problem. In this paper we propose a method that mixes fractal geometry fea-
tures and DL methods for brain MRI classification. The classification system
proposed in this study is a hybrid solution that exploits handcrafted frac-
tal feature (i.e. percolation) [23] to generate a ”percolation image” that can
highlight important spatial properties in brain MRI, in the next step both the
original image and the percolation image are used to identify the tumors using
a CNN. Our experiments, conducted on the well-known Figshare dataset [21],
show that the use of percolation images can help improve the performance of
the system.

2 Percolation

Handcrafted fractal features have been used for the classification of medical
images since before most of the current state-of-the-art CNN models became
available. These features still are a viable alternative for the quantification of
images from datasets with a low number of samples. While Fractal Dimension
(FD) and Lacunarity (LAC) have been applied in several studies as the main
approaches for measuring fractal properties in images, percolation has recently
shown to be another suitable way for obtaining features from medical images.
Percolation is a physical concept regarding the transport of fluids through
porous media. This concept has recently been applied to image feature extrac-
tion, where properties such as number of clusters and percolation occurrence
can be measured.

One of the main studies on the application of percolation theory for tu-
mor detection in medical images was published in [24], where the authors
proposed that vascular growth of tumors can be described using percolation
models. Recently, handcrafted percolation features have been used to quantify
different types of histology images [23, 25], however the application of similar
approaches to other types of medical images is limited. In [26], percolation
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theory was applied to evaluate topological images of the cortical activity, ob-
tained from electroencephalograms; however, we found no recent applications
of similar approaches for BTC in MRI.

In addition, an alternative approach for handling the obtained percolation
features has been proposed. In [27], handcrafted fractal features are rearranged
to form an RGB image, which is given as input to a CNN. However, the im-
ages generated from this approach do not retain spatial information. In this
paper, we propose a technique to generate an image from the application of
percolation concepts. The generated percolation image should be able to high-
light important spatial properties in brain tumor’s MRI, while also preserving
spatial information.

3 Materials and Methods

3.1 Brain tumors datasets

Clinical situations typically allow the acquisition and availability of a limited
number of brain MRI slices, each having a significant slice gap. With such
a limited amount of data, creating a 3D model is challenging. Most of exist-
ing datasets for brain tumor detection are therefore based on 2D slices. In
this study we perform a set of experiments on a publicly available brain MRI
dataset (Figshare) [21]. Figshare is a collection of data from 233 patients, ac-
quired in China from 2005 to 2010; it consists of 3064 images acquired in the
three common views (sagittal, coronal, and axial) and split into three tumor
classes: meningiomas (708 images), gliomas (1426 images), and pituitary tu-
mors (930 images). Figure 1 shows examples of these three types of tumors.
The images have a resolution of 512 × 512 pixels and have a segmentation
mask, in which tumor pixels are labelled as 1 and healthy pixels as 0. The
dataset does not include view labels, which were added manually for the pur-
poses of this work. This dataset also provides a testing protocol based on
five-fold cross-validation. Five-fold cross-validation (CV) is a testing protocol
in which all data are randomly split into five folds, then the model is trained
using four folds, while one fold is left for testing. This procedure is repeated
five times, changing the test folder each time, and averaging the classification
performance. In our case the split process is not random since the indices are
given by the authors [9].

3.2 Dataset Pre-Processing

All the MRI images were pre-processed as proposed by [28], in order to remove
noise and unwanted areas that negatively affect classification performance and
cropped to a fixed size as required by DL approaches. The pre-processing pro-
cedure involves the following steps: (a) conversion to grayscale and slightly
blurring, (b) thresholding the image, then perform a series of morphological
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(a) (b) (c)

Fig. 1 Samples of images from the Figshare dataset: (a) Glioma; (b)
Meningioma; (c) Pituitary.

erosions and dilations to remove any small regions of noise, (c) locating con-
tours in thresholded image, then determine the most extreme points along
the contour, (d) cropping the image using the most extreme points, pad to
square (to avoid image stretching) and resizing to 352 × 352. Figure 2 shows
an example of the pre-processing steps.

(a) (b) (c) (d)

Fig. 2 Pre-processing steps: (a) Blurred image; (b) Thresholded image; (c)
Extreme points; (d) Cropped image.

3.3 Method overview

The proposed method consists mainly on applying some of the percolation
concepts defined in [27]. First, the gliding-box algorithm is applied to the
input image. It involves placing a box of size L×L on the upper-left corner of
the image and then, moving it one pixel at a time until it reaches the bottom-
right corner. At each iteration, a pixel similarity analysis is performed on the
area covered by the box. The analysis is performed by comparing the intensity
level of the central pixel Fc with that of each pixel Fi in the box using the
chessboard distance ∆, given by Equation 1:
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∆ = max(|Fi − Fc|). (1)

Then, the obtained ∆ is compared to the value of L. If ∆ ≤ L then the box
is labeled as 1, otherwise, it is labeled as 0. This procedure generates a binary
matrix for each box, wherein the pixels labeled as 1 are considered pores.
Following this step, we check which boxes match the percolation threshold
criteria. This is done by evaluating the ratio of the number of pixels labeled as
pores, given by Ω, to the total number of pixels in the box, given by L2. If this
value is greater than or equal to the threshold for square matrices (0.59275,
[27, 29]), the value 1 is assigned to the box and 0 otherwise. These values are
then used to generate a binary mask representing the percolation properties
of the input image at the L scale. Since the input image has a resolution of
H ×W , the mask size S for a scale L is given by Equation 2:

S(L) = (H − L− 1

2
)× (W − L− 1

2
). (2)

Then, the input image is cropped to match the resolution of the mask.
Next, an element-wise multiplication is performed between the input image
and the complement image of the mask. This results in a percolation image. In
Figure 3, some examples of the obtained masks and their respective percolation
images are shown, considering L = 3. The next step of the proposed method
consists in classifying the input and percolation images with a CNN.

3.4 Classification

The images are classified through a ResNet-50 CNN. We have chosen this
model as it has shown the best balance between performance and computing
cost in preliminary tests. In this stage, both the input and percolation im-
ages are given as input to a pre-trained ResNet-50 model. The classifications
are done separately, which means that results obtained for each image are
independent. After performing classifications, the scores (i.e. class probability
distributions) obtained from the softmax layers of each CNN are combined by
the sum rule. After this summation, the class with the highest score is consid-
ered the predicted class. An overview of the proposed method is shown in Fig
4.

3.5 Performance evaluation

The performance of the proposed method was investigated through the follow-
ing experiments: First, different sets of percolation images are generated with
varying L values. These sets are given as input to the ResNet-50 and the ob-
tained results are evaluated, aiming to verify how the choice of different scales
for the gliding-box algorithm affects the performance. Then, the original image
is also classified, and resulting scores are combined with the ones generated
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Fig. 3 (a), (b) and (c): Original images; (d), (e) and (f): masks obtained
from applying the proposed method on the images (a), (b) and (c),
respectively, with a scale of L = 3; (g), (h) and (i): percolation images
obtained from the multiplication of the masks with their respective input
images.

by the classification of the percolation image sets. Next, the results are com-
pared to the ones obtained by traditional feature extraction and classification
approaches.

We have also evaluated the classification performance of each of three avail-
able perspectives separately. The dataset was split into three sub-groups: sagit-
tal; coronal; and axial. The procedures applied for training and classification
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of the full dataset were also applied for evaluating the sub-groups. In Fig. 5,
an example from each point-of-view available is shown.

The extraction of the percolation features, the generation of the masks
and percolation images, as well as the CNN classifications were all performed
in Matlab R2019b. All tests were run on a Intel Xeon Silver 4116 CPU of

Input image

Apply to input image

Gliding-box

→ ...

Calculate chessboard distance for each pixel

→

Check percolation threshold

Obtained maskPercolation image

CNN classification

Fig. 4 Overview of the proposed method.

(a) (b) (c)

Fig. 5 Examples of the three available views: (a) Axial; (b) Sagittal; (c)
Coronal.



10 Alessandra Lumini et al.

2.10GHz, 128GB RAM and a NVIDIA GeForce RTX 2080Ti card. The Five-
fold cross-validation technique with was adopted in all test steps to avoid
problems such as overfitting. For training the CNN models, the default values
of hyper-parameters available from the Deep Learning Toolbox of the software
MATLAB R2019b were used, which are an initial learning rate of 0.01; a
learning rate drop period of 2 epochs; a learning rate drop factor of 0.75; a
mini-batch size of 32; an L2 regularization of 0.0001 and using solver sgdm
with 10 training epochs.

4 Results and Discussion

The first experiments consisted on evaluating the performance of the generated
percolation images across different scales. The values chosen for evaluation
were L = 3, 7, 11, 15, 19, 23, 27. The results obtained for all evaluated scenarios
are shown in Table 1.

Table 1 Performance of the percolation images with different scales.

Full dataset Axial Sagittal Coronal
L = 3 91.45% 89.22% 86.43% 88.33%
L = 7 91.02% 90.13% 89.18% 89.56%
L = 11 91.22% 88.72% 88.50% 91.18%
L = 15 90.67% 88.52% 88.30% 90.42%
L = 19 89.52% 85.30% 87.02% 88.90%
L = 23 89.36% 85.90% 86.33% 90.42%
L = 27 88.54% 84.79% 85.25% 90.32%

When the full dataset is considered, the best performance was obtained
with a scale value of L = 3, with an accuracy value of 91.45%. With an
exception for the scale L = 11, the classification performance gradually dete-
riorates as the scale increases. This trend is also observed for the classification
of subgroups representing axial and sagittal views, where the lowest accuracy
values occurred at the highest L values. The best accuracy value for these two
subgroups was obtained at L = 7. For the coronal subgroup, larger L scales
perform better than for the other subgroups. We believe this may indicate
that the images obtained from this viewpoint do not contain relevant informa-
tion at the borders, because the larger the scale, the more border pixels are
cropped from the input image, to fit the mask resolution. The second stage of
experiments was to evaluate the CNN ensembles considering the classification
of the original and percolation images, combined by the sum rule. The results
are shown in Table 2.

For the classification of the entire dataset, the best result was an accuracy
rate of 94.22%, which was obtained in the ensemble composed by the original
images and the percolation images generated at a scale of L = 3. This repre-
sents an improvement of 0.59% over the classification accuracy of the original
images alone. For the classification of the three subgroups represented by each
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Table 2 Performance of the ensemble composed by the classification of the input and
percolation images.

Full dataset Axial Sagittal Coronal
Original image 93.83% 92.25% 90.86% 92.79%
Original + Percolation image (L = 3) 94.42% 92.04% 91.15% 92.22%
Original + Percolation image (L = 7) 94.22% 93.05% 92.43% 93.64%
Original + Percolation image (L = 11) 94.06% 91.44% 92.43% 93.07%
Original + Percolation image (L = 15) 93.77% 91.24% 91.84% 93.45%
Original + Percolation image (L = 19) 93.28% 91.14% 91.64% 92.60%
Original + Percolation image (L = 23) 93.64% 91.84% 90.86% 92.60%
Original + Percolation image (L = 27) 93.31% 89.93% 90.86% 93.17%

of the different perspectives, the best results were obtained in the ensemble
composed by the percolation images generated with a scale of L = 7. In these
four scenarios, the inclusion of a CNN for classifying the percolation images
improved the accuracy obtained. The best improvement was observed in the
classification of the sagittal sub-group, where accuracy increased by 1.57%.
We also analyzed the preformance of the individual classes using other met-
rics besides accuracy, such as sensitivity (true positive rate), specificity (true
negative rate) and F1-score. The results are shown in Tables 3 through 6.
The confusion matrix for the full dataset classification is shown in Table 7.
The pituitary class performed best in the classifications using the full dataset
and in the scenarios related to the sagittal and coronal view classification.
For the axial view, the best performance was obtained by the glioma class.
The meningioma class provided the lowest metrics in all scenarios, indicating
greater difficulty in performing the classification.

Table 3 Performance measures for the full dataset using the proposed ensemble with
L = 7.

Class Accuracy Sensitivity Specificity F1-score
Meningioma 94.75% 0.872 0.970 0.885
Glioma 96.31% 0.960 0.966 0.960
Pituitary 97.39% 0.969 0.976 0.956

Table 4 Performance measures for the Axial images using the proposed ensemble with
L = 7.

Class Accuracy Sensitivity Specificity F1-score
Meningioma 94.26% 0.841 0.969 0.860
Glioma 96.17% 0.964 0.960 0.962
Pituitary 95.67% 0.938 0.964 0.927

To test how our approach compares with other traditional feature extrac-
tion techniques in computer vision, we obtained LBP, Haralick, and fractal
descriptors from the original images and gave them as input to a Random
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Table 5 Performance measures for the Sagittal images using the proposed ensemble with
L = 7.

Class Accuracy Sensitivity Specificity F1-score
Meningioma 94.00% 0.899 0.955 0.888
Glioma 94.30% 0.919 0.961 0.932
Pituitary 96.56% 0.953 0.971 0.945

Table 6 Performance measures for the Coronal using the proposed ensemble with L = 7.

Class Accuracy Sensitivity Specificity F1-score
Meningioma 94.12% 0.879 0.959 0.868
Glioma 95.26% 0.942 0.962 0.950
Pituitary 97.91% 0.969 0.984 0.966

Table 7 Confusion matrix for the full dataset using the proposed ensemble with L = 7.

Actual class
Meningioma Glioma Pituitary

Predicted as
Meningioma 617 53 17
Glioma 44 1369 12
Pituitary 47 4 901

Forest classifier, using the same Five-fold partitioning used in previous ex-
periments. The comparison is shown in Table 8. It can be noted that the
proposed method significantly outperforms the other techniques, even when
only the percolation images are given as input to the CNN. This indicates
that our proposal is a promising approach, and we believe that it may be able
to fill the gap related to the classification of MRI datasets using percolation
concepts.

Table 8 Accuracy values obtained by different computer vision methods.

Full dataset Axial Sagittal Coronal
LBP 68.70% 72.41% 60.28% 72.39%
Haralick 74.45% 75.53% 73.75% 77.89%
Fractals (FD, LAC and percolation) 72.55% 75.73% 72.47% 75.14%
ResNet-50 (original image) 93.83% 92.25% 90.86% 92.79%
ResNet-50 (percolation image, L = 7) 91.02% 90.13% 89.18% 89.56%
Proposed (ensemble, L=7) 94.22% 93.05% 92.43% 93.64%

5 Conclusion

In this paper, we proposed an approach to extract percolation features from
brain MRI images and then generate a mask, in order to apply it to the original
images and obtain a percolation image. Both the original image and perco-
lation image were given as input to a CNN ensemble and accuracy values of
up to 94.42% were obtained. The percolation image can be obtained using
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different scales. We evaluated seven possible scale values and observed that
smaller values tend to provide slightly better results. We also evaluated the
classification of sub-groups composed by images obtained only from a given
perspective: axial; sagittal; or coronal. Our proposed ensemble outperformed
the standard CNN classification and other computer vision approaches evalu-
ated in all scenarios tested using a scale of L = 7.

We believe this is a promising approach, which can be further explored to
provide contributions to research regarding classification of MRI datasets using
percolation concepts. For future work, we propose the evaluation of different
datasets and CNN models, in addition to the Resnet50. We also consider the
inclusion of other percolation properties, such as number of percolating clusters
per box and size of the largest cluster, in the percolation image generation
process.
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